Comparative bacterial genomics is revealing numerous hypervariable regions in bacterial chromosomes. Interrogation of such regions can efficiently provide an epidemiological fingerprint, or insight into pathogenic capability, antimicrobial resistance phenotype, or vaccine susceptibility (7, 9, 11) . However, the often complex nature of the variations can make it difficult to devise standardized protocols for subtyping such regions.
An excellent example of a clinically relevant hypervariable region in a major bacterial pathogen is the staphylococcal cassette chromosome mec (SCCmec) (16, 19) . This element defines methicillin-resistant Staphylococcus aureus (MRSA) through carriage of the beta-lactam resistance gene mecA. A combination of multilocus sequence type (MLST) and SCCmec type is frequently used as an identifier for MRSA clones (8, 31, 36) . As a consequence, in recent years there has been considerable interest in developing SCCmec subtyping methods.
A number of broadly similar but distinct SCCmec typing methods have been described. These methods include PCRbased detection of type-specific targets (ccr variants, mec gene complexes, and junkyard regions [10, 29, 30, 46] ), restriction digests (43, 45) , and full sequence analysis (15) (16) (17) . In general, SCCmec is divided into five major types based on the combination of mec class and recombinase-encoding (ccr) genes present (15, 17, 25) . The mec classes are themselves defined by the arrangement of genes adjacent to mecA (38) . Subtypes are defined by binary variation (presence or absence) of sequence blocks in the "junkyard" regions (4) . The various typing methods and associated terminology have evolved in a somewhat ad hoc fashion as more SCCmec variants have been discovered. Recently, a proposal for a rationalized SCCmec typing nomenclature was published (4) . This proposal has merit, as it incorporates the core structural features and the variable junkyard regions. However, there is currently no standardized SCCmec genotyping method that systematically and efficiently utilizes all known variations.
Our research group has previously developed the computer program "Minimum SNPs" (35) . This was designed to derive sets of single nucleotide polymorphisms (SNPs) from MLST databases on the basis of maximization of resolving power. Resolving power may be measured either on the basis of the power to discriminate a user-defined sequence type from all other sequence types or on the basis of maximization of the Simpson's index of diversity (D) (13) . More recently, this approach was adapted to the identification of resolution-optimized sets of binary markers. Price and coworkers derived a set of such markers from Campylobacter jejuni comparative genome hybridization data on the basis of D maximization, and these markers were shown to have considerable utility as genotyping targets (33) . SCCmec diversity can also be considered to be a database of binary gene variation and is therefore amenable to a similar analysis. Accordingly, we have carried this out, with the central hypothesis of the study being that the sets of markers derived by our systematic approach would efficiently provide resolving power.
MATERIALS AND METHODS

Identification of SCCmec variants.
A literature and NCBI database search was undertaken to identify SCCmec variants for this study. Variants were named according to the proposed SCCmec nomenclature system (4). This procedure was complicated by the fact that described SCCmec variants differ in the detail to which they have been analyzed; some are completely sequenced, while others are classified only though PCR amplification. In a small number of instances, SCCmec variants reported in the literature lacked sufficient structural information to be included in this study.
Identification of resolution-optimized sets of binary markers. Sets of binary markers were identified using the computer program "Minimum SNPs" by a strategy illustrated in Fig. 1 (33, 35) . This program extracts resolution-optimized sets of SNPs from DNA sequence alignments. It does this by identifying the single SNP with the highest resolving power, labeling this as SNP 1, and then identifying the SNP that in combination with SNP 1 gives the highest resolving power and labeling that as SNP 2, etc. A valuable feature of the software is that the user can force the program to include or exclude any SNP in/from the SNP set.
Minimum SNPs can measure resolving power in more than one way, but the most generally applicable method is by calculation of D with respect to the sequence alignment. This algorithm was used throughout this study. Resolutionoptimized sets of binary markers were identified by first converting the binary marker data for the SCCmec variants into a string of "A's" and "T's," with "A" denoting binary maker absence and "T" denoting binary marker presence. In this way the binary data for each SCCmec variant becomes a pseudo-DNA sequence that can be aligned with other pseudo-DNA sequences representing other SCCmec variants. This alignment was then mined by Minimum SNPs in order to identify sets of binary markers that give a high D value with respect to that alignment. The alignment input file reflecting estimated SCCmec abundance included 49 extra copies of variants: 1B.1.1 (I), 2A.1.1 (II), 3A1.1.1 (III), 3A.1.2 (IIIA), 3A.1.3 (IIIB), 2B.1 (IVa), 2B.2.1 (IVb), 2B.3.1 (IVc), and 5C.1 (V).
mecA nucleotide sequence determination and SNP analysis. The mecA genes from 19 diverse Australian MRSA isolates from nine MLST types were amplified using primers mecAF1 and mecAR3 (Sigma-Proligo, Lismore, Australia) (39, 41) . The amplicons were purified using Exo-SapIt (Amersham Biosciences, Castle Hill, Australia) for 15 min at 37°C and 15 min at 80°C and then sequenced for 1,400 bp from the 3Ј end using primers mecAF1 and mecAR2. The sequence traces were viewed and analyzed in SeqMan II version 4.06 (DNAstar, Madison, Wis.).
The literature and NCBI databases were searched for S. aureus mecA gene sequences whose corresponding SCCmec type was known. Twenty-five mecA sequences were identified, cropped to 1,440 bp, and added to a sequence alignment with the 19 partial mecA sequences identified in this study. Clustal X (v. 1.64b) was used to align the partial mecA gene sequences to identify SNPs. In order to investigate the possibility of combinatorial genotyping methods based on SNPs and binary genes, the SNP data were added to the pseudo-DNA sequences derived from the binary marker genotypes, so as to construct an input file for Minimum SNPs that would allow the identification of resolution-optimized SNP-binary marker combinations.
For full details of the mecA sequences used in this analysis and the isolates from which they were derived, see the supplemental material.
Nucleotide sequence accession numbers. The new mecA sequences have been deposited in GenBank under accession numbers EF692630, EF692631, and EF692632.
RESULTS
Collation of currently available data concerning SCCmec binary diversity. The overall aim of this study was to apply a FIG. 1. Illustration of the strategy used to identify sets of resolution-optimized binary markers. Each genotype of interest is characterized based on the presence (T) or absence (A) of the total set of binary markers (five are used in this example). Thus the binary gene configuration is converted into a pseudo-DNA sequence composed of A's and T's. The alignment of pseudo-DNA sequences is then analyzed using Minimum SNPs for combinations of binary markers that maximize the Simpson's index of diversity (D) (33) . In the example shown above, binary genes 2 and 4 provide a D of 1, i.e., they completely resolve the three genotypes. In the present study, 46 SCCmec types were defined by the presence or absence of 34 binary markers. Even with this relatively small data set, manual identification of resolution-optimized marker sets is extremely difficult. 
a mec class A1 is characterized by a 166-bp deletion in mecR1 (15, 24, 32) . b Two separate mec classes have been termed B1. For this analysis, the mec class described by Lim et al. remains B1 and the mec configuration described by Shukla et al. has been renamed mec class F (23, 39) .
c The novel mec class featured in SCCmecZH47 at the time of writing was unnamed; therefore, the tentative name of mec class G was used (GenBank accession no. AM292304).
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IDENTIFYING MARKERS FOR SCCmec GENOTYPING 2955 (Table 1) . Unique sequences associated with the targets (see the supplemental material) were used to facilitate the design of genotyping methods. The 34 binary targets in turn defined 46 SCCmec variants ( Table 2 ). Each SCCmec element differing at one or more of the 34 binary targets (Table 1) was considered a separate variant. This extensive compilation of SCCmec variants reveals the extensive rearrangement and mutation that the five major types have undergone during their evolutionary histories, with diversity in the junkyard regions defining the majority of the variants.
Identification of a resolution-optimized set of binary targets, without constraints. The database of binary gene variation was converted into a pseudo-sequence alignment (see Materials and Methods) and analyzed using Minimum SNPs for sets of markers that provide a high D. For the first experiment, a set of binary markers was derived from the data in Table 2 simply on the basis of maximization of D, with no attempt to make the results consistent with previously described typing methods. It was determined that all 46 SCCmec variants can be completely resolved by interrogating 22 of the 34 binary targets. Table 3 shows the resolving powers of the best 6-, 9-, 12-, and 15-target sets, which differentiate 21, 29, 35, and 39 of the 46 variants, respectively.
These targets were then compared with those used in currently extant SCCmec typing methods, with respect to their identity, resolving power, and whether the variants they define correspond with current SCCmec classification schemes. Current PCR-based SCCmec typing generally makes use of 10 targets (ccr1, -2, -3, and -5, mec classes A, B, and C, and three junkyard regions from type 2B) to assign a SCCmec element to one of the five major types and also provide some subtyping information. When tested against the data set containing 46 variants, these 10 targets discriminated 18 genotypes. In comparison, the first 10 targets derived on the basis of D maximization discriminated 32 genotypes. This supports our conjecture that binary target identification on the basis of computerized D maximization will provide a superior result to an ad hoc approach. In order to further test this, the resolving powers of randomly selected sets of markers were determined. This always gave a much lower resolving power than marker sets selected on the basis of D maximization (data not shown), thus supporting the utility of our method for target selection.
A resolution-optimized set of binary targets nucleated by ccr1 and ccr5. It would be desirable for a SCCmec genotyping method to define genotypes consistent with accepted terminology and current models concerning the degrees of relatedness of the different SCCmec variants. In other words, a genotyping method that fails to discriminate some pairs of distantly related SCCmec variants may be regarded as problematic. The genotypes defined by the D-maximized marker set largely met this requirement. However, the six-and nine-target sets were unable to discriminate the unrelated 4B and truncated SCCmec from 1B (I) variants and also the 5/2G.1 and 2C.1 from 2B (IV) variants (Table 3) . Accordingly, a second set of resolutionoptimized targets was derived using the "Include" function in Minimum SNPs. This forces the program to include a chosen marker(s) in the set. In this instance, ccr1 and ccr5 were forced into the set, because these discriminate the variants that are not discriminated with the original marker set. In this analysis, Minimum SNPs builds marker sets using the set of ccr1 plus ccr5 as a starting point, so in effect the derived marker sets are nucleated by ccr1 and ccr5.
The derived marker sets are very similar to the unconstrained set and provided almost the same resolution. However, the occurrence of incorrectly grouped variants was largely rectified. The only instances of disparate variants being grouped together were 2C.1 with 2B variants and 2B.N.2 with 2A variants when using the six-target set (Table 4) .
A resolution-optimized target set derived from an input file reflecting SCCmec variant abundances. An assumption inherent in our approach to identifying resolution-optimized sets of genotyping targets is that the database is a useful surrogate of the population structure. If this is the case, then the resolving power of the targets with respect to the database is a useful measure of their resolving power on actual collections of isolates. This assumption, although unlikely to be completely wrong, may be simplistic. This is because all of the SCCmec variants are not similarly abundant. This could result in a difference between the D value calculated from the database and the D value obtained from actual collections of isolates. A corollary of this is that markers that discriminate between the abundant genotypes should be preferentially included in the marker set if the D for actual collections of isolates is to be maximized.
We addressed this issue by creating an input file for "Minimum SNPs" that contained multiple copies of abundant SCCmec variants. A comprehensive and accurate determination of relative abundances in nature was not practical, so this exercise was carried out somewhat crudely; the published literature was used to make a judgment as to which SCCmec variants are abundant, and these variants were repeated 50 times in the Minimum SNPs input file. It was hypothesized that the derived marker sets would provide a very high performance at discriminating the abundant variants because a marker that discriminated between abundant variants would have a big impact on the D value. It was also predicted that the derived markers would still be effective for discriminating the lessabundant variants from the abundant variants and from each other.
The resolution-optimized marker sets from this exercise are shown in Table 5 . The target sets identified are significantly different from the unconstrained and ccr1-and ccr5-nucleated target sets, and interestingly, do not discriminate as many genotypes. However, as expected, this marker set provided a performance superior to the unconstrained and ccr1-and ccr5-nucleated marker sets in resolving the nine SCCmec variants identified as being abundant. There were, however, a small number of instances where the six-target set failed to discriminate rare SCCmec variants from other unrelated SCCmec variants. This was partially rectified by manually promoting the b Due to the input data set containing repeats of identical sequences, a D value close to 1 cannot be obtained.
13th identified target, ccr1, into the six-target set. This discriminates 4B and the aberrant variant we have termed "truncated" from the abundant unrelated variant 1B.1.1. The resulting seven-target set is what is shown in the first column of targets in Table 5 . This target set does not discriminate 5/2G.1 and 2C.1 from the abundant unrelated variant 2B3.1. However, the 11-target set does discriminate all these unrelated variants.
To further test the efficacy of this approach, a separate data set containing only the nine abundant variants was assembled and analyzed. "Minimum SNPs" calculated that six of the 34 targets were required to attain a D of 1. These six targets were very different from the marker set in Table 5 and provided poor resolving power with the entire data set, and there were numerous instances of unrelated variants failing to be discriminated (data not shown). Therefore, the approach of using the entire data set, with multiple copies of abundant genotypes, was superior.
mecA SNPs can increase resolving power. It has previously been reported that the MRSA mecA gene contains several SNPs (37, 39, 44) . These are potential genotyping markers that could be used either as replacements for the binary targets selected or to define more SCCmec subtypes. The literature and sequence databases were searched for mecA sequences from characterized SCCmec elements. In total, 25 sequences were retrieved from the NCBI database, and in addition, partial mecA sequence analysis was undertaken on 19 selected isolates from our collection of previously characterized SCCmec elements (41) . From this set of 44 partial mecA sequences, eight SNPs in total were identified, three of which were novel (Table 6) .
To determine whether mecA SNPs add resolution to the binary genes, they were included in a Minimum SNPs analysis as additional data points. Because no precise mecA sequence data could be assigned to many of the SCCmec variants, a new SCCmec data set was created containing only variants with corresponding mecA sequences. In this case, the data used as input into Minimum SNPs was in effect an alignment that contained a region of pseudo-DNA sequence derived from binary gene variation and a region of actual DNA sequence derived from mecA sequences. This data set consisted of 18 of the original 46 SCCmec variants ( Table 6) . As different mecA SNP profiles were found within identical SCCmec variants, the 34 binary markers in combination with the eight SNPs defined 24 variants. These expanded mixed SNP/binary target profiles were analyzed using "Minimum SNPs," which revealed that a D of 1.0 was achieved with 9 binary targets and five mecA SNPs. Overall, of these five SNPs, only SNP 737 could be considered a possible replacement for the binary targets, as it was selected at the third position in the Minimum SNPs output. The remaining SNPs were selected at positions 9 and 12 to 14, which demonstrates minimal D-value contribution. The entire marker set is ccr2, Tn554 MLS, mecA737, mec class A, dcs, pT181, ccrC, Jyb, mecA438, ccrC-VT, Tn4001, mecA75, mecA415, and mecA448.
DISCUSSION
It is now generally accepted that a powerful strategy for bacterial genotyping is to interrogate the genome backbone plus one or more hypervariable regions. This generalized approach has been termed "phylogenetic hierarchical assays using nucleic acids" (20) . The practice of identifying MRSA clones by a combination of MLST and SCCmec type is an example of this. The widespread adoption of this MRSA genotyping method has proven an impetus to the accumulation of considerable information regarding SCCmec diversity and the development of several specific SCCmec subtyping schemes.
SCCmec has been classified into five major "types," composed of mec classes and ccr gene identity, and several SCCmec genotyping methods classify the element to this level only (10, 45) . The results of our comprehensive search of the literature and the databases emphasized the high diversity of SCCmec (2, 28) . Our approach to identifying sets of binary markers for genotyping SCCmec differs greatly from previously published methods (21) . Genotyping approaches reported to date yield approximately one mec class or ccr gene per marker interrogated. This is needlessly inefficient as the extensive recombination in SCCmec means that resolving power can potentially increase logarithmically rather than arithmetically as more targets are interrogated. Accordingly, rather than identifying binary markers diagnostic for particular classes/types/subtypes, we used a computerized approach that identifies sets of markers that maximize D. What this algorithm does is attempt to identify a marker that splits the known variants into two equal halves and then attempts to find a single marker that splits each of the groups defined by marker 1 into two equal halves, and so forth. In effect, it is a search for markers that are maximally unlinked. This approach proved to be valuable. It provided sets of markers with greater resolving power than equivalently sized sets of markers identified by the traditional approach. Also, the analyses clearly defined a range of options regarding the numbers of markers interrogated and the resolution obtained. These results bore out the prediction that resolution could increase exponentially with the number of targets interrogated; when the numbers of targets was graphed against log(1 Ϫ D), the points formed a straight line (data not shown).
The markers identified have obvious potential to inform the design of specific SCCmec genotyping methods around the multiplexing capacity of the technology to be used and/or the resolution required. One intriguing result was the strong consistency between the SCCmec classes and the groups defined by small numbers of resolution-optimized marker sets, even when there were no constraints on marker selection. The fact that maximally unlinked markers define these groups supports the notion that the SCCmec classes indeed represent distinct phylogenetic clusters of this element. The strategy to increase the consistency between genotypes and the relationships between the SCCmec variants by nucleating the marker set with ccr1 and ccr5 proved successful, as was the analysis to identify markers especially efficient at discriminating the abundant SCCmec variants. Overall, our approach to marker selection proved effective and flexible. The marker sets identified provide a wide choice of well-understood options for the design of SCCmec genotyping procedures. This general approach could be applied to any genome region displaying a high degree of binary variability, e.g., the loci encoding the enzymes that synthesize complex antigenically active cell wall-associated polysaccharides.
Rapid interpretation of the results of a genotyping procedure based on the marker sets described here is potentially problematic. It can be done by manually correlating the results with the information in Table 2 , but this is quite laborious. However, it can also be done more rapidly using Minimum SNPs, which is able to run in reverse and return all sequences in an alignment that correspond to a user-defined SNP profile.
The utility of including mecA SNPs in the marker set was explored, and it was found that such SNPs define additional SCCmec variants. However, the SNPs are not effective substitutes for binary markers. Of interest were the observations that identical SNP allelic combinations were found in different SCCmec variants while, conversely, different mecA alleles were found in identical SCCmec variants. For example, the first four SCCmec classes (1B, 2A, 3A, and 2B) each carry the most abundant mecA sequence, while seven of the nine mecA sequences are found in type 3A. This suggests that some SCCmec variants are very much older than others or that there has been recombination between different SCCmec variants. Other observations of interest include variant 2B.1 (IVa) exclusively carrying the most numerous mecA sequence, which is different from the mecA sequence in the closely related variant 2B.3.1 (IVc), and the complete linkage found between ccr5 and a particular mecA sequence (Table 6 ). It was also observed that two SNP profiles were primarily associated with mec class B, while seven SNP profiles were associated with mec classes A and C. It was concluded that mecA SNPs constitute a possible means of increasing resolving power, with inclusion of the SNP data increasing the number of genotypes. However, the mecA SNPs have only a limited potential use as replacements for the binary markers, especially considering that it is more technically straightforward to assay for the presence of a binary marker than to interrogate a SNP.
Recently, our research group used Minimum SNPs to derive sets of seven (35, 41) or eight (14, 26) resolution-optimized SNPs from the S. aureus MLST database. The genotypes defined by these SNP sets display a high level of consistency with the S. aureus clonal complex structure as revealed by eBURST analysis of the MLST database. A combinatorial MRSA typing method that interrogated these SNPs plus, e.g., the first seven targets in Table 5 (ccr1, dcs, Tn554 MLS, ccr2, mec class A, J1b, and pT181) would be a method of MRSA clone identification that would provide sufficient resolution for many purposes and would be easily adaptable to standardized real-time PCR, medium-density array, or "lab on a chip" technologies. Additional resolution for exploring small-scale epidemiological questions (e.g., in the practice of infection control) could be provided by interrogating one or more variable-number tandem repeat loci. This also could be done in a real-time PCR device by T m measurement.
In conclusion, this study has demonstrated the effectiveness and flexibility of a systematic computer-assisted approach to deriving genotyping targets from loci displaying high levels of complex binary gene variation.
